Treatment of locally advanced rectal cancer includes chemotherapy, radiation, and surgery but patient responses to neoadjuvant treatment are variable. We have shown that rectal tumors are comprised of multiple genetically distinct sub-clones. Unique sub-clones within tumors may harbor mutations which contribute to inter-patient variation in response to neoadjuvant chemoradiotherapy (nCRT). Analysis of the influence of nCRT on the extent and nature of intra-tumoral genetic heterogeneity in rectal cancer may provide insights into mechanisms of resistance. Locally advanced rectal cancer patients underwent pre-treatment biopsies. At the time of surgery, tissue from the treated tumor was obtained and analyzed. Pre-and post-treatment specimens were subjected to whole exome and confirmatory deep sequencing for somatic mutations. Copy number variation was assessed using OncoScan SNP arrays. Genomic data were analyzed using PyClone to identify sub-clonal tumor population following nCRT. Alterations that persisted or were enriched in the post-treatment tumor specimen following nCRT were defined for each patient. Thirty-two samples were obtained from ten patients. PyClone identified 2 to 10 genetic sub-clones per tumor. Substantial changes in the proportions of individual sub-clones in pre-versus post-treatment tumor material were found in all patients. Resistant sub-clones recurrently contained mutations in TP53, APC, ABCA13, MUC16, and THSD4. Recurrent copy number variation was observed across multiple chromosome regions after nCRT. Pathway analysis including variant alleles and copy number changes associated with resistant sub-clones revealed www.neoplasia.com
Introduction
Colorectal cancer (CRC) is the third most common cancer and the fourth most common cause of cancer death globally [1] . Rectal cancer accounts for approximately one third of all CRC's [2] . Due to an increased risk of local recurrence, treatment of locally advanced rectal cancer requires a multimodal approach which includes neoadjuvant chemoradiotherapy (nCRT), followed by surgery including a total mesorectal excision (TME) with partial or complete proctectomy and often a temporary or permanent ostomy [3] . Approximately 20% of rectal cancer patients who undergo nCRT will have a complete response (CR), or no detectable tumor during preoperative evaluation or at the time or surgery [4, 5] . However, to date there have been no identified biomarkers that accurately predict the degree of response in a given patient.
Being able to predict who will and will not respond to cancer therapies has substantial clinical significance for cancer patients in general and rectal cancer patients specifically. Nonetheless, this continues to be an elusive challenge due in part to intra-tumoral heterogeneity, where single tumors are composed of multiple sub-clones that develop through complex evolutionary trajectories [6] . These sub-clones may have differential growth potential, metastatic potential, and resistance to cancer therapies [6] . We and others have shown that CRC exhibits intra-tumor genetic heterogeneity [7, 8] , where multiple sub-clones exist in the primary tumor harbor shared somatic alterations along with diverse and sub-clone-preferential or -specific somatic point mutations and/or copy number changes [7, 9] . We hypothesized that intra-tumoral heterogeneity may impact on the effectiveness of nCRT because some sub-clones are sensitive to treatment and thus eliminated and others are resistant and therefore, persist. Analysis of the nature and extent of intra-tumoral heterogeneity in the primary tumors of individual rectal cancer patients before and after nCRT might provide insights into possible factors and mechanisms in therapeutic resistance and might also help to highlight opportunities for more effective treatment and improved outcomes in patients with rectal cancer.
In the work presented here, we studied multiple primary rectal tumor regions pre-and post-nCRT from 10 rectal cancer patients, with the goal of understanding treatment effects on genetic sub-clonal populations. We found that the genetic composition of each patient's tumor was changed substantially by treatment, and we identified multiple apparent sensitive and resistant sub-clones in each patient as well as the somatic mutations and copy number variance (CNV) associated with resistant sub-clones. The composition of the tumor sub-clones after treatment varied substantially among the patient's tumors, highlighting the potentially important role of heterogeneity in treatment resistance for rectal cancer.
Materials and Methods

Sample Collection and DNA Extraction
The Michigan Medicine Institutional Review Board approved this study. Ten consented patients with newly diagnosed clinical stage 2 or 3 rectal cancer patients underwent 1 to 4 pre-treatment biopsies of their tumors and adjacent normal tissue during routine proctoscopy to clinically assess tumor location. Although we did take each pre-treatment tumor biopsies from distinct areas of the tumor, samples were not spatially oriented in any particular way. Patients then underwent standard of care treatment for their rectal cancers with combination 5-flourouracil (or the oral equivalent, xeloda) and radiation 5 days per week for 6 weeks for a total of 50.4 Gray (Gy) followed by a 6-to10-week waiting period and then proctectomy. Post-treatment samples were provided by the pathologist focusing on the area containing the most residual tumor. Biopsies and post-treatment tumor samples were assessed by a gastrointestinal pathologist to confirm the presence of adenocarcinoma and to grade response to treatment [10] . Samples which were not found to contain adenocarcinoma or that yielded poor quality DNA were excluded and this resulted in some included samples not being sequentially numbered such that T2 or R1 was not included in the analysis. In general, grade ranges from 0, which indicates no residual cancer, to grade 3, indicating minimal to no response to treatment. Patients with grade 0 were excluded from our study due to our interest in studying treatment resistant tumors. Tissue was isolated from the relevant areas of each frozen or FFPE tumor block and manually dissected from the blocks. DNA was extracted, using the Allprep mini kit (QIAGEN) according to the manufacturer's instructions. Clinical data on each patient was abstracted from the medical records.
Whole-Exome Sequencing
Genomic DNA samples were fragmented to a target size of 125-300 bp using a Covaris S2 fragmentation system. The samples were end-repaired, a-tailed, and custom adapters were ligated using the NEBNext DNA Library Prep kit according to the manufacturer's recommended protocols. The custom adapters included 6-bp barcodes designed using BARCRAWL software [11] and synthesized by Integrated DNA Technologies. After ligation, the samples were size selected to 300 bp on a 2% agarose gel and 1-mm gel slices were retained. Samples were isolated from the gel using the QIAGEN QIAquick gel extraction system. Either 10 mL or 15 mL of each ligation product was enriched using the Phusion master mix kit and custom polymerase chain reaction (PCR) primers for a total of 14 cycles of PCR amplification. The PCR products were purified using AmpureXP beads. Library QC was performed using the Agilent Bioanalyzer and qPCR. Each pool was captured using the Roche/ Nimblegen SeqCap EZ V3 Exome Enrichment Kit. The captured pools were combined and sequenced on an lllumina HiSeq 4000 platform with paired-end 150 bp reads using v4 reagents at a targeted depth of 75×. Paired reads were adapter-trimmed and mapped to the hg19 reference genome using the Burrows-Wheeler Aligner (BWA mem7 v0.7.8) [12] . Duplicates were removed using Picard v2.7.1 and indel realignment and base quality recalibration performed using GATK v3.8-0. Tumor/normal pairs of the analysis-ready alignment files were analyzed using three somatic variant callers: MuTect v1.1.7, VarScan somatic v2.3.7, and Strelka v1.0.14 using default parameters, with the exception of VarScan for which the minimum variant allele frequency was reduced to 0.05. VarScan variants were filtered using the fpfilter tool. The resulting variant calls were compiled using a custom tool called Jacquard (GitHub repository: https://github.com/umichbrcf-bioinf/Jacquard). High-confidence somatic variants identified by any one of the three callers were retained as targets for deep-sequencing and validation. Variants were annotated using VarSeq (Golden Helix, v.1.4.7), classifying them by region (e.g., exon, intron, UTR) and amino acid impact (e.g., synonymous, nonsynonymous).
Deep Targeted Sequencing
To validate mutations identified from exome sequencing and to facilitate sub-clone profiling, we designed custom capture panels targeting somatic loci detected in the primary tumors using the Agilent SureSelect XT platform [13] . Samples were sequenced on an Illumina HiSeq 4000 using paired-end 150 bp reads to a targeted depth of 500×. Deep sequencing data were processed via a workflow identical to exome sequencing described above except that VarScan alternate allele frequency variants were permitted down to 0.01. Variants were retained from the deep sequencing data if at least two callers reported the mutation as somatic and the coverage depth was at least 75x in at least one tumor sample of the patient. In addition to variant validation, these data were used as input into the PyClone tool for assessing sub-clonality.
OncoScan SNP Arrays and Copy Number Variation Analysis
ThermoFischer (Affymetrix) OncoScan v3 arrays were run on all samples. The assay detects copy number change by generating data at 50-100-kb resolution across a set of 891 cancer genes and 300-400 kb resolution across the rest of the genome. Raw array florescence intensity data generated on the Affymetrix scanners in the form of CEL files were loaded into the OncoScan Console software v.1.1.0 (ThermoFisher) and processed using the standard Affymetrix reference control files, based on sample type (normal or FFPE). Copy number data were processed using the Nexus Copy Number software v7.5 (BioDiscovery) as previously described [9] . For individual samples where the median probe set value was incorrectly assigned to unbalanced, non-diploid regions, regions of balanced heterozygosity were manually identified as most likely diploid by visual inspection of log-ratio and BAF plots, permitting the Nexus software to re-center the entire probe set. CNV events were mapped to genes and resistant CNV was defined as an alteration that was present both before and after treatment.
Purity Estimation
The tumor purity estimates generated by the TuScan algorithm implemented in the Affymetrix Oncoscan Console software were used for samples in which a solution was available. For the remaining (typically lower-purity) samples, tumor purity was estimated manually from the log2R and BAF plots based on the equations 1 and 2 in the ASCAT publication [14] . Purity estimates for each tumor are utilized as input into the PyClone algorithm.
PyClone Analysis
PyClone datasets were assembled for each patient including variant and reference read depth as well as major and minor copy number values for the region in which each variant resides. The reference and alternate read depths were extracted from the alignment (bam) files at identified mutation sites for each deep sequencing sample using a custom software tool called Zither (https://github.com/umich-brcfbioinf/Zither), permitting data at each variant loci across all samples rather than only samples in which the variant is present. Copy number data processed via Nexus as described above were compiled for each variant in a semi-manual manner using the TAPS tool in the Patchwork software library [14] . Copy number analysis results were exported from the Nexus software as text and imported into TAPS, and chromosomal plots were generated representing the log-ratio vs. allelic imbalance of every copy number segment. Chromosomal plots were manually inspected to assign copy number states to clustered regions on the plots. TAPS then used this information to assign a copy number state and allelic ratio to each copy number segment. The segmental results from TAPS were mapped to detected somatic variants based on each variant's genomic coordinate using a custom Python script.
PyClone is a hierarchical Bayesian model that infers the cellular prevalence of each variant (the proportion of tumor cells in a sample that contain the variant), clustering variants based on covariance of those prevalence estimates across multiple samples of the same patient [15] [16] [17] [18] to identify possible sub-clones. The PyClone v0. 13 Markov Chain Monte Carlo model was run for 10,000 iterations for each patient, discarding the first 1000 as burn-in. PyClone clusters were retained for subsequent analysis and reporting if they contained at least one non-silent mutation.
PyClone cluster prevalences across patient pre-treatment and post-treatment tumor samples were manually inspected and flagged as resistant if cluster cellular prevalence was increased or maintained above 5% in post-treatment samples. A gene level frequency of resistant variants was obtained by filtering to resistant clusters and counting the number of patients with resistant variants in each gene. Patient missense variants were mapped to OncoKB gain-of-function/ loss-of-function annotations downloaded using the OncoKB web API [19] .
Pathway Analysis
The Hotnet2 algorithm was used to identify regions of the human protein interaction network that were enriched for resistant mutation or copy number events [20] . Hotnet2 uses an insulated heat diffusion algorithm to model network co-locality of aberrations and assigns a p-value using network permutations to describe the significance of the size and number of subnetworks identified. We used resistant cluster variants to quantify mutation frequencies per gene and resistant copy number gain, loss, or loss of heterozygosity (LOH) events to quantify copy number aberration frequencies per gene. Hotnet2 identified consensus subnetworks enriched for resistant mutation and copy number events. Hotnet2 v1.2.1 was used with 100 network permutations, 1000 heat permutations, and 100 consensus permutations. Our analysis focused on sub-networks with P-values b.05 and Neoplasia Vol. 21, No. 10, 2019 Sub-clonal therapeutic response in rectal cancer Frydrych et al.
sub-networks with at least 10 nodes. DAVID web services were used to identify Gene Ontology functional and KEGG pathway gene set enrichment for each sub-network [21] .
Data Sharing
The called mutation data can be found at the Figshare website: https://figshare.com/articles/rectal_tumor_targeted_sequencing/ 9770444. The OncoScan array data are available from the NCBI's Gene Expression Omnibus [22] at https://www.ncbi.nlm.nih.gov/ geo/query/acc.cgi?acc=GSE136872 accession number: GSE136872.
Results
Tumor Characteristics
The patient and tumor characteristics, including sex, age at diagnosis, clinical stage, chemotherapy regimen, pathologic stage, and grade of therapy response, of the 10 rectal cancer patients included in this study are summarized in Table 1 . All of the rectal tumors analyzed were clinical stage 2 or 3. In total, 24 pre-treatment and 10 post-treatment samples were collected from ten rectal cancers (one to five pre-treatment and one post-treatment sample per patient). Grade of pathologic response achieved following nCRT ranged from 1-3. Patients with CR -grade 0 -were excluded from our study.
Pre-Treatment Tumor Alterations and Genetic Sub-Clones
The nature of genetic alterations in tumor samples can be described in a number of ways, and we emphasized somatic mutations, copy number variance, and tumor sub-clones. Between 13 and 758 somatic mutations were identified per sample. Mutations varied between tumor regions of any individual patient's tumor patient before treatment, similar to our previous studies [7] . The number of pre-treatment of mutations did not correlate with response. Inactivating mutations in the APC and TP53 genes are common in colorectal cancer and were present in 7 out of the 10 patients studied. APC somatic mutations of presumptive pathogenic significance (nonsense or frameshift mutations) were found in pre-treatment tumor samples NP01, NP04, NP10, NP11, NP12, NP14, and NP19. TP53 somatic mutations of presumptive pathogenic significant (missense mutations in the DNA binding domain or truncating mutations in any region of the gene) were found in NP01, NP04, NP10, NP11, NP16, NP17, and NP19.
Each patient's primary tumor also had multiple examples of copy number heterogeneity among the different regions sampled (plots in Supplemental Figure 1 ). In CRC's, it is well known that the copy number of multiple different genomic regions can differ from the diploid state [23, 24] . Differences in copy number variation (CNV) between samples for the same patient's tumor pre-and post-treatment provide orthogonal information about genomic alteration events. Neoplastic cell purity and the overall fraction of each tumor sample altered by a copy number event was calculated using TuScan/ASCAT (Supplemental Table 1 ). These pre-treatment tumors showed substantial overall copy number changes across the genome, with averages of 39.3% of the genome modified by a copy number event, respectively. An average of 9.6% of the genome of pre-treatment samples exhibited copy number neutral LOH as well. Intra-tumor heterogeneity was observable between the pre-therapy tumor samples as has been seen previously [7, 9] . For example, in NP10, each tumor has LOH in Chr 4 and gain in Chr 8 but alterations in Chr 3, 7, 9, 11, 12 , and 18 are only seen in some of the samples.
PyClone was then utilized to integrate deep sequencing data and copy number data from SNP arrays to profile the sub-clonality of each tumor (Figure 1 , Supplemental Table 2 ). As discussed above, PyClone uses tumor purity as well as copy number data to estimate the cellular prevalence of each variant based on its variant allele frequency (VAF), and clusters the variants into distinct groups of different VAF within each tumor. All tumor samples showed evidence of sub-clonal structure, with the number of mutation clusters detected by PyClone varying between two and 10 individual sub-clonal populations per tumor. Additionally, heterogeneity among spatially distinct tumor samples from an individual patient's primary tumor was evident, as reflected by the differing prevalence measurements of clusters across samples even prior to treatment.
Alterations in Tumor Sub-clones in Response to Therapy
The cellular prevalence plots provide a profile of all sub-clones and indicate the changing sub-clonal compositions among samples from each patient's tumor (Figure 1, Supplemental Figure 2 ). Note, that the cellular prevalence plots are not temporal in order, but instead represent the composition of a sample at a single time point. After analysis, if post-treatment sub-clones did not contain non-silent somatic mutations that could be functionally clinically relevant, these sub-clones were manually removed from the PyClone figures.
We found that nCRT often resulted in substantial changes in the relative proportions of individual sub-clones or clusters within the primary tumor. For example, in NP11, clusters 1-3 were nearly gone after treatment but cluster 1, which was very low prevalence before treatment, was the most prevalent after treatment. Another example is NP12, which had 2 sub-clones in the T1 sample: cluster 1 that had high cellular prevalence and cluster 0 that had low cellular prevalence. After nCRT, the prevalence of these 2 clusters were changed relative to the pre-treatment sample (T1), with the cellular prevalence of Cluster 0 going from near zero to near 1.0 and the cellular prevalence of the apparently sensitive sub-clone going from 0.65 to near zero. Similarly, in NP04, a dominant sub-clone containing the APC and TP53 mutations shows a marked reduction in cellular prevalence from roughly 0.9 VAF to 0.09 post-nCRT. Likewise, NP14, NP17 and NP18 also show a very large decrease in the cellular prevalence of the dominant pre-treatment sub-clone. In other tumors, such as NP01, the pattern of clusters was not altered much by nCRT. These changes indicate that sub-clonal populations are selectively modified following nCRT. Somatic mutations in the APC and TP53 genes were present in different sub-clones of the same primary tumors but responded differently to neoadjuvant therapy depending upon the tumor and sub-clone in which they were present. To further describe this phenomenon, the APC gene is mutated in both sub-clone 0 and 1 in NP12. However, in Cluster 0, the APC gene has a missense mutation that is present before and after therapy, while in Cluster 1, the APC gene has a loss of function (LOF) mutation that is found in a cluster that was eliminated following nCRT. In NP11, mutations in the TP53 gene were found both in Clusters 0 and 1. In Cluster 0, a TP53 missense mutation was identified and the cluster was resistant to therapy while there was a TP53 LOF mutation in Cluster 1 and this cluster was sensitive to nCRT (Figure 1 ).
Characterization of Genetic Alterations Associated with Resistance
The sub-clonal composition following nCRT changed for each tumor assessed, with some sub-clones being eliminated after treatment and others persisted after treatment. We assessed the genetic composition of each sub-clone and its response to treatment and looked for genetic alterations found in resistant sub-clones across different patient's tumors. Across all 10 rectal patients, there were 562 variants in resistant sub-clones in multiple variant types, as shown in Figure 2 . The number of resistant sub-clones varied from 1 to 5 sub-clones per patient.
To better understand the roles of genetic subclones in treatment resistance, we combined the functionally significant mutation and copy number data into gene-level annotations for each of our 10 patient tumors (Table 2) . Genes with mutations found in sub-clones that persisted after therapy, here defined as resistant to treatment, and found in more than 1 patient are listed in the left side of Table 2 . In Table 2 , the mutations found in resistant sub-clones are in bold print. Resistant mutations in TP53 were found in 4 patients and resistant CNV (loss of TP53) in 3. For APC, resistant mutations were found in 4 patients and resistant CNV (loss of APC) was found in 1 patient. Oncoprints of each tumor showing mutations across samples from each tumor are shown in Supplemental Figure 3 , again revealing intratumor heterogeneity and that some alterations persist after treatment while others do not. Oncoprint cell color represents Pyclone cellular prevalence and patient samples with cellular prevalence b0.05 are colored black. We did not find evidence of a Figure 1 . Genetic sub-clones across tumors. Tumor samples were taken before treatment (T) and after treatment (R). Each tumor contained multiple sub-clones and the composition changed after treatment. Genes that previously identified as a commonly mutated genes in colorectal cancer as identified by Giannakis et al. and the most commonly resistant genes identified in our patients were used to label genes present in each sub-clone cluster. Bold and underlined genes are those genes classified as resistant in our patients. single mechanism for therapeutic resistance across tumors based on our data but instead our findings suggested multiple alterations potentially associated with resistance. Resistant sub-clones contained mutations in APC (NP04, NP11, NP12, and NP19), TP53 (NP01, NP11, NP16, and NP19), ABCA13 (NP01, NP04, and NP17), MUC16 (NP11, NP12, and NP16), and THSD4 (NP01, NP16, and NP17).
Lollipop plots of the mutations found in the APC, TP53, ABCA13, MUC16, and THSD genes to assess mutational clustering around gene regions (Figure 3 ). No particular pattern was apparent with mutations scattered across each gene. Interestingly, one recurrent APC variant (Q208*) and two recurrent TP53 variants (R175H, R273C) were observed in multiple patients. The role of APC and TP53 as likely driver genes in CRC has been previously well described [25, 26] , but their role in resistance to treatment is unclear. We also identified ABCA13, MUC16, and THSD4 as potentially important in therapeutic resistance in rectal cancer. Unlike APC and TP53, which had mutations in 7 distinct patients but only 4 of these patients were classified as resistant mutations, ABCA13 and THSD4 are both classified as resistant in all three patients where alterations are present. An additional 30 genes contained mutations that were in resistant sub-clones in more than 1 patient, including many potential drivers of resistance that haven't been previously been described (Supplemental Table 2 ).
Furthermore, CNV that persisted after nCRT was frequently observed and when it included genes identified as altered in resistant sub-clones, this is annotated in Table 2 . CN loss, CN gain, and LOH (copy neutral) were all present. In 4 out of the 5 most commonly mutated genes (APC, TP53, ABCA13, MUC16 and THSD4), resistant CNV were also observed involving these genes (Table 2) . Additionally, resistant gene variants and resistant copy number changes existed simultaneously in 3 (APC, TP53, and THSD4) out of the 5 most commonly mutated genes. NP19 had a resistant LOF variant of the APC gene as well as a CN loss. NP11 had a resistant missense variant mutation and NP19 had a LOF variant mutation in the TP53 gene and both also contained resistant CN loss.
When characterizing resistant copy number variants across tumors, the most common form of resistant alteration was LOH. An example of resistant LOH is shown in Figure 4A , where the alteration is found in both the pre-and post-treatment samples. Nine patients (NP01, NP10, NP11, NP12, NP14, NP16, NP17, NP18, and NP19) had 11 genes (abParts, TCF19, HLA-B, IGVK-A2, IGKV, PSORS1C3, HLA-C, AK128525, POU5F1, IG kappa, and HCG27) with resistant LOH and 6 genes (JH8, PSCA, AX747544, LOC101928087, JRK, and ARC) with resistant CN gain. As illustrated by Figure 4B , as the number of total patients decreases, the number of resistant genes increases. Thus, most resistant copy number changes were unique to individual tumors and were not shared across patients. Resistant CN loss first appears in 5 total patients and contains the following 4 altered genes, ARHGEF10L, RCC2, CRK, and WRAP53. To note, the most common genes effected by resistant CNV across tumors does not overlap with the most common resistant somatic mutations.
Resistant Pathways
Hotnet 2 was used to perform a network analysis to identify regions of the human interactome enriched for resistant mutations and copy number changes including CN gain, CN loss, and LOH. Eleven sub-networks were identified as significant. The number of altered networks found again supports the hypothesis that no single gene or pathway is fully responsible for resistance. The largest sub-network also contained genes with the highest frequencies of resistant variants including alterations in APC and TP53 ( Figure 5 , Supplemental Table 3A ). This sub-network was enriched for genes involved in negative regulation of cell cycle process (GO:0010948) with LOF aberrations in APC, DDX39B, MAD2L2, and TP53. Over-expression of DDX39, an RNA helicase, was recently shown to promote cell migration, invasion, growth, and metastasis in hepatocellular carcinoma [27] . MAD2L2 is a spindle assembly checkpoint protein shown to inhibit colorectal cancer growth and is furthermore a favorable prognostic in colorectal patients demonstrating a strong potential resistance mechanism in this patient cohort [28] . Figure 5 annotates the top 20 sub-network genes most frequently aberrant in resistant patient samples and shows their network. Sub-network genes were also enriched for cell differentiation (GO:0030154), regulation of apoptotic process (GO:0042981), and calcium ion homeostasis (GO:0055074) gene sets providing additional mechanistic hypotheses for pathways involved in resistance. Interestingly two amplified genes in the Figure 5 table, TRCP5 and CCL28, have been shown to be involved in calcium ion homeostasis. Calcium signaling remodeling has been linked to cancer cell proliferation, metastasis, and has been proposed as a therapeutic target [29] [30] [31] . A complete list of sub-network genes is available as Supplemental Table 3B .
Discussion
We have previously highlighted the potential clinical significance of intra-tumor genetic heterogeneity in rectal cancer [7] ; however, the role of intra-tumoral genetic heterogeneity and sub-clonal architecture in resistance to nCRT in rectal cancer patients is unknown. This is the first study using comprehensive genomic analysis of intra-tumor heterogeneity in treatment response in rectal cancer patients. Using current informatic tools for inferring sub-clonal populations from 
bulk tumor samples, we found that intra-tumoral heterogeneity is evident in pre-treatment rectal cancer. Following nCRT, the prevalence of sub-clonal populations was selectively modified in each patient, suggesting that some sub-clones are likely resistant to treatment. It is well understood that gene alterations do not act in isolation and systems biology analyses leveraging current understanding of the human interactome may be used to effectively search for and recognize canonical cancer pathway events. We also performed a systems biology network analysis, Hotnet2, to identify resistant signaling pathways observed across multiple patients, including both somatic mutation and CNV data. Such system-level strategies provide statistically rigorous framework to integrate disparate data types and generate hypotheses for future studies. We highlighted a sub-network enriched for resistant variants with genes that have been shown to be involved in cell cycle regulation, apoptosis, and calcium signaling. We did not identify any individual gene alteration that appears to be responsible for resistance, but instead found that there are potentially several genetic alterations associated with therapeutic resistance in rectal cancer. In our study, resistant sub-clones demonstrate high frequency of mutation in genes previously known to be frequently altered in CRC including TP53 and APC [32] , along with multiple additional potential drivers of resistance. Because APC and TP53 are frequently altered in rectal cancer before treatment, it is difficult to assess whether their presence in sub-clones after treatment contributes to resistance or not. Prior investigators have found evidence that APC and TP53 may contribute to resistance. Sakai et al. assessed 9 post-treatment rectal cancer patients with targeted sequencing of commonly mutated regions across 50 genes and found TP53 mutations in 8 patients and APC mutations in 3 patients, in addition to increased TP53 expression pre vs post treatment [25] . Additionally, Emons et al. found that in the cell line SW1463, radiation resistance was mediation by activation of the Wnt/ß-catenin pathway [33] . KRAS alone or concurrent with TP53 mutation has also previously been shown to be enriched patients who did not achieve a complete response to neo-adjuvant therapy [26] . We found mutated KRAS in 2 resistant sub-clones. One drawback of prior studies in that they focus only on selected genes and there have not been prior agnostic studies of gene alterations that are resistant.
Our data suggest that there may likely be complex relationships between molecular alterations and the sub-clones that persist in rectal cancers treated with nCRT. We identified recurrently altered genes that persisted after treatment and are therefore potentially associated in some functional manner with resistance. Candidate drivers of resistance from our work include, ABCA13, MUC16, and THSD4. A search of TCGA reveals mutation or amplification in ABCA13 in 15% of colorectal cancers, mutation THSD4 in 3%, and mutation or deletion in MUC16 in 28% of cases. However, because these are surgical specimens in untreated patients, this only tells us that these mutations do exist in colorectal cancer, not what their behavior would be following treatment. The ABCA13 (ATP-Binding Cassette, Sub-Family A, Member 13) gene, which has not been studied in 
Bold, Resistant alteration. depth in rectal cancer, is a member of the ABC transporter family.
Other members of this family of transporters have been shown to play a crucial role in the development of resistance through efflux of anticancer agents outside of cancer cells including 5-FU [34] . We found both mutations and amplifications in this gene associated with resistance, which could be consistent with up-regulation of a protein causing efflux of the radiation sensitizer 5-FU. Additionally, these transporters have been shown to be upregulated in colorectal cancer compared to control tissues [34] . Furthermore, ABCA13 may play additional roles in cancer progression as amplification has been shown to increase the risk of lymph node metastasis in gastric adenocarcinoma [35] and it is a marker of shorter overall survival in ovarian serous carcinoma [36] . The MUC16 gene product is CA-125 which is a membrane protein mucin whose serum level has been shown to negatively correlate with survival in colorectal cancer [37] .THSD4 (Thrombospondin, Type I Domain Containing 4) is a member of the extracellular calcium-binding protein family involved in cell adhesion and migration and is being investigated as a potential tumorigenesis gene in hemangioblastomas [38] , as well as being evaluated as a prognosticating marker in glioblastomas [39] .
Our study has multiple limitations. One limitation is our small sample size, which impacts on our ability to definitively highlight potential contributing molecular lesions associated with resistance to nCRT among rectal cancers and patients. Nonetheless, we have shown that nCRT affects the genetic sub-clonal populations in a rectal cancer in complex ways, and presumptive sensitive and resistant sub-clones, somatic mutations, and CNV likely vary from one patient to another. Additionally, our work highlighted some alterations previously associated with therapy resistance, along with suggesting some other candidates. The design of our study only allows us to observe the behavior of sub-clones and test our hypothesis that they are altered by therapy and potentially important in resistance. Another limitation of our study and all broad assessments of genetic alterations in cancer is our inability to definitively identify whether particular alterations are responsible for resistance or whether they are simply carried forward in the residual tumor sub-clones following treatment. We acknowledge that other biologic variables such as the presence of other mutations in that sub-clone or the immune environment in the patient may have contributing roles in shaping the sub-clonal landscape and the molecular alterations found. We did not perform separate validation studies of the genetic alterations identified in the sub-clones that persisted after treatment due to lack of tissue for these studies. Lastly, there are limitations to the PyClone algorithm used to identify tumor sub-clones. The number of sub-clones identified by PyClone is dependent upon having multiple samples and the algorithm generally only identifies groups of sensitive and resistant mutations if there are only 2 samples (NP12 for example, Supplemental 2 and 3). This means, we would likely have identified more sub-clones if we had been able to analyze more preand post-treatment samples and that our results may have been altered by sampling error.
Conclusions
In summary, our analyses reveal the complex and dynamic genomic architecture of pre-and post-treatment rectal cancers, with individual tumors having multiple examples of mutational and copy number heterogeneity among samples before treatment as well as after treatment. Furthermore, multiple known and previously understudied genetic alterations that may be contributing to resistance were identified. Assessment of a larger collection of tumor samples and rectal cancer patients treated with nCRT may help to highlight potentially significant recurrent driver alterations associated with resistance to nCRT. Additional future studies could also include assessment of interactions of sub-clones with immune cells as well as the potential contributions of other tumor microenvironment cell populations to response or resistance.
Supplementary data to this article can be found online at https:// doi.org/10.1016/j.neo.2019.08.004. 
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